Introduction
3D shape acquisition and surface registration is important in computer vision, graphics, and related fields. Recent 3D acquisition techniques like structured light, coded light, time-of-flight, Moire interferometry, and triangulationbased laser range scanners have been gradually developed. However, efficient and high-quality 3D acquisition and surface registration is still a hard problem, especially for large and complex 3D shape models. Since most 3D acquisition and reconstruction systems can only reconstruct or acquire certain 3D patches, it is still difficult to achieve a complete high-quality 3D shape. Even for laser scanner 3D acquisition systems, it is still not easy to get a high-quality 3D shape model using large number of scanned range images for complex real objects.
In practice, due to the large space of possible 3D shape deformations, transformations, and complexities of noises, registration of local surface patches tend to be locally ambiguous and globally incoherent. It is hard to select the most suitable scanned local surface patches from many scans and discard the other scans. Furthermore, it is difficult to find naturally global geometric shape features which can optimally to aid local surface registration. To register local surface patches without using global measure criteria, small alignment errors for local patches may accumulate to large distortion [17] , [20] . Finally, to acquire a large and complex 3D model, we need to process large number of scanned surface patches. However, due to the main memory bottleneck, we cannot process all high-resolution local surface patches simultaneously. We need to register the surface sequentially without keeping all the scans simultaneously in memory.
To solve these difficulties, a considerable amount of research has been dedicated to 3D surface registration from different sides such as rigid pairwise local surface registration, rigid global surface registration and nonrigid surface registration. A classical method for rigid pairwise local surface registration is the Iterative Closest Points method (ICP) [3] , [4] . A similar method named free-form surface registration with adaptive threshold is also independently proposed by [28] . Later on, a sampling based ICP method has been proposed [15] for improving local patch alignment using constraints of rigid transformation. Rigid global surface registration methods have been proposed for simultaneously registering all local scans in rigid transformation [8] . In this case, since some registration errors are easily accumulated through the alignment of local patches, other methods focus on reducing the errors, e.g., closed-form methods [2] , parallelizable pairwise alignment [22] , and so on.
Nonrigid surface registration methods can be considered as an extension of the Thin-Plate-Splines (TPS) [5] method, e.g., non-rigid-shape with rigid-component warping [16] , [7] , vertex affine transformation [1] , extended TPS [9] , and surface interpenetration measure based genetic algorithm [23] . In practice, most 3D surface registration methods use certain assumptions. For example, the ICP algorithm needs a good initial alignment [3] , [4] . Also, some measure criteria are also used for local feature extraction [14] , [25] due to high-dimensional feature voting spaces. The global measure criteria [19] are used for unifying the registration solution.
A meaningful approximation and segmentation of 3D shapes can help us to avoid the memory bottlenecks for registering huge volumes of scanning data. We also need some semantic meaningful annotation for partitions so that we can understand the acquired data to fully exploit its potential. However, different segmentation methods may have different performances on such real complex 3D shapes. The main difficulty in region growing approaches is the choice of the seed points and of their number. Even if the number of regions is known, region growing approaches may be easily trapped in local minima, and heuristic methods are often required to escape from such situations. For example, given a complex 3D shape model, it is often very hard to segment the model into several meaningful parts.
The approach of hierarchical face clustering has been proposed by Garland and Heckbert [12] , [13] and has been extended for variational 3D shape approximation [10] . Recently, Marco et al. [18] extend this approach for hierarchical 3D shape segmentation. The method produces high quality approximations in practice using differential geometry and approximation theory. The optimization of shape approximation is modeled in a discrete, variational geometric partitioning problem which is driven by minimizing the global approximation error. Inspired from these methods, we propose to segment the 3D shapes based on the combination of hierarchical 3D shape approximation and the model fitting measure of several primitive shapes.
In this paper, we propose a novel approach for acquiring large and complex 3D shape models combining highresolution local surface patches and a low-resolution global 3D model. A meaningful 3D shape approximation for a low-resolution global 3D model makes the computation feasible and reliable. Fig. 1 shows sketch of the approach. Our contribution is three-folds. (i) In contrast to most scanning approaches, we propose to use hybrid scanning data for 3D shape acquisition and surface registration, e.g., high-resolution local surface patches together with a lowresolution global shape structure model. In place of many small local patches, we can work with a global scan together with fewer local scans. The local scans are registered not only pairwise but also simultaneously with respect to the global shape model. (ii) The registration of local scans to a coarse global model prevents the accumulation of errors which is a common problem in sequential registration of multiple scans with slightly overlapping scans. (iii) We address the problem of memory bottlenecks so that the computation of the proposed approach is possible in practice. Large volumes of high-resolution local surface data can be computed sequentially and respectively using a global geometric feature prior. This approach is robust in the presence of noise and outliers. The advantages of the approach are demonstrated showing that high-accuracy can be obtained in registration of the high-resolution scans. Experiments show that the proposed approach outperforms previous ones. This approach can achieve high-quality surface registration of large and complex 3D shapes.
The paper is organized as follows. Sec. 2 shows rigid and nonrigid surface registration methods. Sec. 3 shows an extended hierarchical shape segmentation method for meaningful semantic segmentation. The integration of high-resolution local surfaces and the low-resolution global shape model are discussed in Sec. 4 . Experimental results are shown in Sec. 5. Conclusions are summarized in Sec. 6.
Rigid and Nonrigid Surface Registration
In our project, two types of scanning data are acquired using a hybrid scanning system. A high-resolution stationary range scanner can achieve high-resolution scanning patches of the 3D object, see Fig. 2 (c) . We also use a light and movable hand-held laser scanner to acquire a complete low-resolution global shape model within a continuous scanning period around the object, see Fig. 2 (a)(b). Using the hybrid scanning data, our proposed approach needs to process not only pairwise rigid local surface alignment but also local-to-global non-rigid surface registration using the global geometric shape features, shown in Fig. 1 . In the work diagram, firstly, high-resolution local surfaces are aligned onto the low-resolution global shape model using the rigid ICP method. In this way, we can still keep original fidelity of high-resolution local surfaces after the alignment. Secondly, due to memory bottleneck problem, we segment the low-resolution global shape model into several meaningful sub-shapes so that we process and refine the alignment sequentially and efficiently. Simultaneously, each aligned local surface is non-rigid adjusted and refined using a global nonrigid TPS bending algorithm based on segmented sub-shapes.
Rigid Local Surface Registration
According to the ICP algorithm, the rigid pairwise local surface registration algorithm can be described as follows. A 3D surface registration method seeks to find the best transformation T that relates two entities P and Q whose 3D surface are given by R P and R Q , respectively. Thus, the goal of a registration algorithm is to find T such that the following objective function, J(R P , R Q ) is minimized,
where Ψ : P → Q; for ∀P ∈ R P , Ψ(P ) ∈ R Q . The transformation T is used to optimally align entities P and Q, and it usually depends upon the distortions which are presented on the surfaces in 3D space. Thus, T may be rigid, affine, polynomial, or elastic. In practice, the function Ψ is usually unknown. We need to compute the Ψ including translational and rotational part. The translational part of Ψ brings the center of mass of P to the center of mass of Q. The rotational part of Ψ can be obtained as the unit eigenvector that corresponds to the maximum eigenvalue of a symmetric 4 × 4 matrix. The solution eigenvector is a unit quaternion description of the rotational part of Ψ. During the iterative computation, the position of the data points are updated via P cur. = Ψ(P pre. ). While the mean square error is smaller than a given threshold, the algorithm converges monotonically to a local minimum. When a good initial value is given, the algorithm can achieve a global convergence.
This algorithm is directly used in our experiments for rigid pairwise local-surface registration. For example, Fig. 3 shows pairwise local surface registration in blue line. However, as we have described before, small alignment errors may be accumulated to a gross error for the final alignment. Also, the additional non-rigid warp causes some serious problems, e.g., large deformation and distortion, shown in Fig. 9 (b)(c)(d). We need to simultaneously process local and global surface registration using hybrid scanning data. The diagram of our approach is shown in Fig. 3 . In this diagram, pairwise local surface are aligned in the rigid ICP method so that we can keep more accuracy of those aligned local surface patches. Simultaneously, each local surface alignment error is diffused using a global nonrigid shape adjustment algorithm. This gives us a completely automatic local-to-global surface registration pipeline.
In practice, two fundamental questions of using the ICP algorithm need to be solved for surface registration. Similar to most non-linear minimization algorithms, the first question is how to construct an initial alignment for any given point sets to ensure a correct global convergence. The second question is how to construct an efficient mechanism that can adaptively align all scanned local patches to have an efficient registration with respect to the correct global minimum. Traditionally, it is hard to solve these two questions using a multitude of scanned local surfaces. In most cases, the initialization can be obtained by using knowledge about the position of the 3D sensors or by user input. If it is not possible, more complicated techniques like principal component analysis with a constrained exhaustive search [8] become necessary. Using hybrid scanning data, the complexity of searching a good initial alignment is simplified. The scanned low-resolution global shape model supplies accurate initial global feature points. 
Non-rigid Global Surface Registration
We use the thin-plate-spline (TPS) method for global registration by mapping each local feature point onto its global position. The TPS method [11] has been introduced to 3D geometric deformation processing [5] . The TPS has an algebra expressing the dependence of the physical bending energy of a thin plate on point constraints. For interpolating a surface over a fixed set of nodes in plane, the bending energy is a quadratic form in the heights assigned to the surface. On the other hand, the role of this bending function is similar to the approach of Laplacian-based mesh deformation [6] .
The algorithm of TPS is a non-rigid, globally smooth function including affine and non-affine components. The non-affine warping component means that the sum of squares of all second order partial derivatives is minimized. Such functionality can be used for 3D mapping and it is easily computable. Thus, if ξ : R n → R is an n-dimensional thin-plate spline, the bending energy,
pipj dp 1 . . . dp n
is minimized. Given two corresponding point sets P = {p 1 . . . p n } and Q = {q 1 . . . q n }, there is a unique function ξ such that ξ(p i ) = q i and their bending energy is minimal. Furthermore, this function takes the form ξ(x) = Ax+BK(x) for summing affine component and non-affine warping component. Where x is a point written in homogeneous coordinates, A is an affine transformation matrix, B is a fixed n-dimensional row vector of non-affine warping parameters constrained to BP T = 0, and K(x) is an n-dimensional column vector where K(x) i is the Green's function G|x − p i |. In other words, the TPS kernel contains the information about the point-sets' internal structural relationships and generates a non-rigid warp when combined with the warping coefficient matrix B. Thin-plate splines need not be interpolating. Instead, it can be formulated in a regularization energy functional according to [11] .
This equation means that the TPS fits a mapping function ξ(p i ) between corresponding point-sets P and Q by minimizing the energy. The first term is a distance measure term between two point sets. Since ξ(p i ) is not unique, we need a smoothness constraints to regulate the mapping [11] . Here, the spline will not be interpolated, but for any fixed λ, there is a unique minimum. The warping strength depends on the regularization parameter λ. While λ is close to zero, we get exact alignment of corresponding surface vertices. If λ is zero, interpolation is exact and as it approaches infinity, the resulting TPS surface is reduced to a least squares fitted plane, i.e.,"bending energy" of a plane is 0. For the interpolating case, the thin-plate spline specification provides a linear system of equations.
To apply this equation to solve 3D point sets, based on [11] , [27] , we perform a QR factorization on Ψ using the approximated equation ,
with the condition of BP T = 0. Where K is n × n and K ij = G(|p i − p j |) which is a Green's function. We set a small value of λ to improve the stability of numerical computation for this functional. In contrast to some previous work [22] , [7] , [17] , the alignment of numerous local surfaces are globally controlled by the low-resolution global shape model. Since we need to have precise alignments for rigid local scans using the feature prior from the lowresolution global shape model, the spline must be heavily weighted toward interpolation for connecting and aligning slightly-overlapped high-resolution local surface patches. For this reason we can rely on accurate correspondences to produce a good local surface alignment without global shape distortion or error.
Hierarchical 3D Shape Approximation
This step addresses memory bottlenecks as it does not require keeping all the scans simultaneously in the main memory in computers. In Fig. 1 , the total size of data is 1.162 GB and we need to process the data using a divide-and-conquer strategy. Therefore, a hierarchical 3D shape approxima-tion and clustering method is extended to segment the lowresolution global shape model into several meaningful parts for registering high-resolution local-surface patches.
Following the recent work of hierarchical face clustering methods on 3D meshes [13] , [18] , we define a set Θ as a solution space of geometric primitive models which consists of primary parametric geometric models as Θ = {M j (θ), j = 1, 2, 3, ..., N }. M j (θ) represents the jth geometric model with its own parameters θ, and N is the number of primitive models.
x i a point on the axis, d i direction, r i radius M 1 is a plane with a point x i and a normal n i , i is the index of point. M 2 is a sphere and can be characterized its center c i and a radius r i . M 3 is a cylinder with a point x i on the axis, a direction d i and a radius r i .
The primitive shape model fitting error is computed using the L 2 distance. The selection of the right primitive model is based on the estimated cost of comparison of the plane, the sphere, and the cylinder. The minimum one is selected for the best fitting of the corresponding region.
where j is the number of models, x i is a vertex and a(x i ) is the restricted Voronoi area of x i . If a non-integer error estimation is used, a(x i ) is often set to 1 for all the vertices. For the plane fitting, we follow the method using principal component analysis [13] . For sphere fitting, the cost function is nonlinear and the possible solution of Gauss-Newton method is prohibitive due to the computational cost, we follow a computing method of algebraic distance [21] , [18] using the least squares method. For cylinder fitting, the Gaussian image of estimated surface normals [26] has been used to find the direction of the cylinder axis. The direction of such an axis is determined as the normal of a plane passing through the origin such that the sum of squared distances to the points in the Gaussian sphere is minimized.
Based on a hierarchical triangle face merging strategy [12] , [13] , each primitive shape model corresponding fitting parameters are computed and the approximation cost is estimated. The cost of hierarchically merging a set of triangles into a single representative cluster is the minimum of the approximation errors computed against the primitive models. This approach can be performed with some given numbers of segmentation regions (or parts) for a 3D shape.
The segmentation method is effective for surface registration on large and complex 3D shapes using hybrid scanning data. The method of hierarchical segmentation method does not require any seed information as initial starting point. Also, this approach is very efficient and fast for segmenting such large and complex 3D shape models even with unknown stronger scanning noises. Two examples of the results produced by this algorithm are shown in Fig. 4 . A lowresolution global shape model with the size of 65.5 MB is loaded for testing the algorithm. The partition of the surface shown in (a) has 178,951 clusters. The partition in (b) contains only 100 clusters. Note that the clusters are growing along the leg, the tail, the body and the foot on the 3D shape model of an anteater skeleton. Also note how the hierarchically clustered regions grow naturally into some semantic meaningful regions.
4. Workflow and Implementation.
Original Raw Data Based Surface Registration
Through our experiments, the noise distribution of 3D scanning data is not additive Gaussian noise but rather a more complicated nonlinear distribution including the influences of CCD camera, laser beams and object movements. The pre-processes of smoothing and denoising for local surfaces will heavily influence the accuracy of feature extraction and surface registration. In contrast to previous work [14] , we extract local feature descriptors using the original raw data and smooth the registered surfaces in the final step.
To achieve a non-rigid global shape-driven surface alignment, we first propose to use the feature positions from the low-resolution scanned global shape model for adjusting the position and orientation of local patches. Some distinct geometric features [25] , [14] on the low-resolution global shape model can be considered as the global features for local surface alignment in the presence of noises including occlusions, holes, distortions, e.g., shown in Fig. 5 . Based on the global feature positions using the low-resolution global shape model, shown in the center of Fig. 3 , we use a ThinPlate-Spline (TPS) regularization function [5] for aligning local surface patches to the low-resolution global shape model and then improve the surface resolution using registered local surface patches.
Local and Global Surface Registration
When dealing with hybrid scanning data sets consisting of hundreds of high-resolution local surface scans, it is not practical to perform supervised pairwise registrations aligning each scan with other partially overlapping scans.
Using hybrid data, a low-resolution global shape model supplies a suitable initial alignment in two steps. (1) One could manually specify for each patch three points and their corresponding points on the global model, e.g., shown in Fig. 5 . (2) The ICP algorithm refines this placement of the patches using extracted feature points of the patches and the global model. Then the patches are registered incrementally to each other in a growing process. After each such registration the merged patches are registered with the global model in a non-rigid way. In case of an incorrect merging of a patch the registration of the merged patch with the global model yields a poor quality. This can be detected and interactively corrected. For example, the large alignment errors in Fig. 6 can be corrected using global feature positions.
Furthermore, we consider several implementation aspects, including the search for closest points, choice of parameters, and efficiency. The efficiency of our approach depends on several factors. For searching nearest neighbors we apply k-d trees for speed up the searching [24] , [28] . Parameters must be chosen that govern when a registration is considered satisfactory. In our case, the regularization parameter λ during the global nonrigid-shape alignment is small, e.g., λ = 10 −9∼−10 . The non-rigid global surface alignment and refinement is adjusted with weakly bending energy following global shape features.
Experimental Results and Discussions
Experiments are carried out to evaluate and demonstrate the effectiveness of the suggested hybrid scanning system in terms of acquiring local detail scans and estimating uncertainty and confidence in various regions of the scanned objects with different genus complexities.
Hybrid Scanning System and Data
We use a stationary scanner and a hand-held laser scanner to construct such a hybrid scanning system. The stationary laser scanner on the tripod is a Minolta VIVID-900 scanner with an accuracy 0.16-0.22 mm which can scan object size between 0.1-1 m within a distance of 0.6-2.5 m. To optimize the scanning results, the right lens has to be chosen based on the distance between the object and the laser scanner, and the size of the object. The hand-held laser scanner is a "Polhemus FastSCAN" with an accuracy 0.75-1 mm which is a on-line 3D generating scanner via a transmitter and a receiver, connected to a processing unit in an magnetic field. It has a relatively low-resolution but provides a scanned global shape model in one scanning process.
To test the efficiency of the hybrid laser scanner system, several 3D shape models of different size, surface material, geometric complexity, and geometric structure were chosen in order to validate the efficiency and accuracy of the proposed approach. Fig. 2 shows a skeleton of an anteater (approximately 0.80 m long). For such complex objects a large number of high-resolution patches are required, in this case 370 scans. One such high-resolution patch is shown in Fig. 2 (c) , and a low-resolution global shape model is shown in Fig. 2 (a) and (b) . Fig. 11 shows the final recovered 3D model using hybrid scanned range images based on our suggested approach. The recovered anteater model is reconstructed based on aligning 370 high-resolution local surface patches to a segmented low-resolution global shape shown in Fig. 10 . Total size is 1.162 GB with 30 millions vertices. The size of the final result in the Fig. 11 is 293 MB with 5.2 millions vertices after some down-sampling and thinning processes.
Comparison of Methods
The traditional approach for surface reconstruction from laser scans is to register and align local patches of the same (fine) resolution. Features for registration can be selected manually when the automatic feature extraction and surface alignment fails. Our approach is based on the use of hybrid scanning data, i.e., the high-resolution local surface patches are not only matched each other but also are registered on the low-resolution global shape model. All scanned local patches are aligned to the global shape model. In our exper- iments the original raw scan data have been used, without any pre-filtering for noise reduction and smoothing.
We show some improved 3D surface registration results using hybrid scanning data, shown in Fig. 7 . Fig. 7 (a) shows a section of the low-resolution complete shape model of the anteater, (b) shows the improved shape model using several high-resolution local surface patches, aligned on this low-resolution shape model. (c) shows the improved shape model in one color. Fig. 9 compares results of the classic and the hybrid registration approaches. Fig. 9 (b)(c)(d) , obtained by registering only high-resolution patches shows gaps and distortions in the model. Since the surface registration starts from one side, accumulated global distortion appears at the other side. Fig. 9 (f-h) shows the results using the hybrid method. The local surface patches fit together. Although, some small distortions still appear due to some gaps in the low-resolution scanning data, shown in Fig. 9 (e), the resulting model is very close to the original object. In Fig. 8 , we can see the similar performance. Overall, our approach provides information for global optimization, reduces the number of required scanning patches, easily fills holes, eliminates accumulated alignment errors, efficient computation and performance using segmented subshapes, and is robust to noise and outliers.
Conclusions and Future Work
We have presented an efficient approach for complex 3D shape acquisition and high-quality surface registration combining hierarchical shape approximation and hybrid geometric shape features. The method makes use of a natural global shape coverage for registering numerous highresolution local surface patches. To avoid the memory bot- . Top row shows registration using only highresolution patches: a high-resolution patch (a) and resulting errors (brown colored holes) (b-d). Bottom row shows registration with the hybrid method: the low-resolution global shape model (a) and high-quality registration using hybrid scanning data (f-h). Figure 10 . Semantic meaningful segmentation of complex 3D shape models using the proposed segmentation approach.
tlenecks, we proposed to segment the global shape model into sub-shapes which can achieve efficient local surface registration using the same global shape prior. The approach is robust to outliers of scans and can deal with some reflections, missing object parts, and may compensate for occlusion of objects in large high-resolution scans. Our experiments show that the joint utilization of global and local geometric shape information, together with an efficient segmentation and registration method, makes it reliable and efficient to reconstruct complex 3D shapes. The proposed approach can be applied for more practical 3D shape acquisition and surface registration applications. Figure 11 . Acquired 3D shape model for an anteater skeleton using the hybrid scanning data. Size = 293 MB, 5.2 millions vertices.
